Introduction
The recent increase in the prevalence of obesity is widely recognised as constituting a major threat to health in most western countries and is estimated to be responsible for up to 6% of total health care expenditure in Europe, as well as for generating other socio-economic costs (WHO, 2006) . In the last two decades, the obesity rate has grown on average by 8% among OECD countries (Flegal et al., 2002) , while its prevalence has tripled in Europe, where it now reaches epidemic proportions (Branca et al., 2007) . However, on the whole, few studies have sought to explain significant cross-country differences in Europe, 1 even though such research might shed valuable light on the issues underlying the problem. These major differences between countries would appear to illustrate the importance of institutional factors (e.g. education systems) and socio-environmental effects (e.g. values and lifestyles), both of which can influence the diet and physical activity (or the caloric balance) that are ultimately responsible for weight gain.
Economic theory has traditionally sought to conceptualise health production, with obesity capturing the anthropometric dimensions of health 2 , in terms of rational individual decisions (in the Grossman tradition) that are driven by comparisons of the costs and benefits of healthy actions. In line with this way of thinking, individuals are seen as the producers of their own health and although they receive utility from being healthy, at the same time they experience sacrifices in terms of opportunity costs from foregoing other consumption activities. In the specific case of obesity, therefore, the latter would include the pleasure gained from food intake and, in general, energy saving incentives that prevent unnecessary physical activity. However, alternative approaches call for the role of information and environmental determinants of health to be taken into consideration. Indeed, health behaviour is likely to be socially learned and, accordingly, formed in the specific community of reference, rather than to result purely from the balancing out of costs and benefits in isolation. However, whether education, in terms of the impact it might have on influencing an individual's informationprocessing capacity (Lleras-Muney, Kenkel, 1991 , and social environment are behind the prevalence of obesity is an empirical question that needs to be explored further.
Current research into obesity emphasises several rational forms of behaviour. Examples of these include the impact technological changes have on the number of calories expended (Cutler et al., 2003) and the effects that more sedentary lifestyles and jobs, in combination with the effects of lower food prices resulting from agricultural innovations, are having on enhancing caloric intake (Lakdawalla and Philipson, 2002 , Philipson 2001 , Rashad et al., 2006 , Finkelstein et al., 2005 . Similarly, other incentive-driven explanations are derived from lower food prices: in particular, Chou et al. (2004) report a negative correlation between individuals' body mass index (BMI) and food prices in fast-food and full-service restaurants. Other explanations hypothesize that an increase in the rate of time preference, or the rate at which future benefits are discounted against current consumption decisions, also contribute to the obesity epidemic (Komlos, et al, 2004) . Only more recently have the roles of information and, in particular, of education been recognised (Cawley et al, 2007) , although the association between education and obesity appears far from clear-cut. It might be hypothesized, however, that food-related health behaviours are learned from one's social environment or from one's peers, so that common patterns emerge largely from social interactions (see Lewitt, 1999 , Glaeser et al., 2002 . Hence, both the observed and unobserved opportunity costs of health production can be key drivers of differences obesity levels across countries.
In explaining cross-country differences in the prevalence of overweight and obesity, this paper draws on paradoxical evidence from two Mediterranean countries, Italy and Spain. Indeed, while we would not expect to find significant differences between the two countries in terms of the penetration of fast food, technology and the strenuousness of work, unusually we found large differences in the two countries' obesity rates. Thus, in 2003, self-reported obesity (as proxied by a BMI greater than 30) was roughly 8% in Italy and 14% in Spain, while in 1990 the rates of prevalence did not differ statistically (see Figure 1 ). In such a short period of time, the respective genetics of the two populations cannot provide a reasonable explanation for such differences, which can only reflect the distinct roles played by lifestyles -primarily smoking and the consumption of certain foods -and cultural patterns that affect eating behaviour, along with other effects associated with 'urban sprawl' or the propensity to take exercise (Erwing et al., 2003) . All these factors arguably influence an individual's energy balance, namely the difference between energy intake and energy expenditure through physical activity. Thus, some authors report a decline in physical activity over time (in developed countries) (Bleich et al., 2007) , while others describe the effects resulting from the excessive consumption of high caloric foods (Drewnoswski and Darmon, 2005) . However, we need to examine the extent to which traditional lifestyles and other environmental factors explain cross-country differences in the prevalence of obesity. 
Years
Prevalence of obesity
Italy Spain
Source: OECD Health Data, 2005 This paper empirically decomposes cross-country differences in the rates of prevalence of overweight and obesity in Italy and Spain. Given that the variable of interest is binary, we draw upon methods of non-linear decomposition (Fairlie, 1999 (Fairlie, , 2005 to examine the underlying factors (including age, education and lifestyles) that might explain cross-country differences in overweight and obesity in two otherwise very similar Mediterranean countries. We do so by defining sub-samples according to different criteria of interest (age and gender), to identify among observable factors -aggregated into broad groups -those that account for the cross-country differences. Note that the decomposition is undertaken with and without the inclusion of peer effects -socio-environmental effects associated with area of residence -our proxy for the social environment. 3 Our empirical strategy for identifying peer effects involves the selection of a regional variable, particularly relevant in Spain and Italy, which avoids individual sorting given the limited mobility in both countries.
This approach has not, to our knowledge, been previously employed for the analysis of obesity in health or nutrition, although it has been demonstrated to be specifically useful for exploring differences in binary outcomes. This paper therefore seeks to address the paucity of literature undertaking cross-country comparisons of obesity. As far as we can ascertain, the only exception here is a paper by Contoyannis and Wildman (2007) in which the authors use relative distribution analysis to examine changes in the distribution of BMI using nonparametric methods. Interestingly, in a comparison of England and Canada, their results indicate that the expansion of BMI increased at a much faster rate over time in England. However, the factors that contribute to creating this gap remain unclear. Finally, we have identified two studies that, in a similar vein to ours, examine within-country differences in obesity: between two regions in Denmark (Halkjaer and Sørensen, 2004) and across Spanish regions (Gutierrez-Fisac et al., 1999) . The evidence drawn from these studies suggests that differences are mainly attributable to educational level and intelligence test scores.
Our findings, on the other hand, suggest that eating habits and education are the main predictors of total cross-country differences between Italy and Spain (36-52%). Among men, eating habits explain up to 35% of differences in levels of obesity in early adulthood, whilst education explains 43% of these differences in later adulthood. Among women, education appears to explain about 26% and 38% of the obesity difference in early and middle adulthood respectively, while eating habits only explain these differences in older adulthood (24%). Paradoxically, when controlling for social environment in the obesity decomposition, peer effects override previous results, regardless of gender, and explain between 46-76% of total differences, a pattern that rises with age.
The rest of the paper is structured as follows. In the next section we present our data and in section three we discuss our empirical strategy. Section four reports the results and section five discusses these findings.
Data
We use cross-sectional data drawn from representative surveys for Italy and Spain. The Italian data are taken from the 2003 edition of the National Survey on Daily Life ("Indagine sugli Aspetti della Vita Quotidiana"), a survey conducted by the National Institute of Statistics (ISTAT) that collects multipurpose individual data including health conditions, health care access, dietary habits and body weight and height. The original sample contains information on 20,547 complete households comprising information from 44,384 adult individuals (aged 18 or above). The data for Spain come from the 2003 edition of the Spanish National Health Survey ("Encuesta Nacional de Salud") (SNHS), a survey conducted by the National Institute of Statistics (INE) which gathers information on aspects such as self-assessed health status, primary and specialized health care utilization, consumption of medicines, lifestyles, conducts related to risk factors, anthropometrical characteristics, preventive practices and socioeconomic status. The original dataset contained 21,650 adults aged 16-99 from all Spanish regions.
Both surveys are nationally and regionally representative and use very similar sampling procedures. 4 The wording of the two questionnaires is surprisingly similar, which means the information we use in the analysis is directly comparable. This means that our task of homogenizing the variables and definitions proved effective. After discarding individuals younger than 18 and older than 65 years of age and observations with missing weight and height information, we ended up with a joint dataset of 29, 640 observations: 14, 515 Italians and 15, 125 Spaniards. 5 In line with standard practice, our dependent variable of interest is a measure of overweight and obesity based on the Quetelet index or the individual's BMI, defined as weight in kilograms divided by the square of height in meters (kg/m 2 ). To compute this indicator, we used self-reported data on the height and weight of each respondent. Our reason for using this index lies in the fact that BMI correlates highly with body fat, while differing with age and gender. Women are more likely to have a higher percentage of body fat than men for the same BMI and, on average, older people may have more body fat than younger adults with the same BMI.
6 According to the World Health Organization (2000), an individual with a BMI between 25 and 29.9 kg/m 2 is defined as overweight or pre-obese, while a person with a BMI of ≥30 kg/m 2 is classified as being ("class 1") obese. To examine cross-country differences at particular levels of obesity, adult obesity can be further sub-divided into obesity class 2 (BMI ≥35 kg/m 2 ) or severe obesity and obesity class 3 (BMI ≥40 kg/m 2 ) or morbid obesity. The importance of distinguishing between different types of obesity lies in the fact that NICE (2008) suggests that BMI might overestimate obesity below the cut-off point of 35. In the United States, between 1986 and 2000, the prevalence of obesity class 3 quadrupled whilst class 1 doubled (Sturm, 2003; Ruhm, 2007) . Furthermore, class 3 obesity seems to be the one that has experienced the largest growth levels in the United States (Freedman et al., 2002) . This growth in extreme levels of obesity is of particular concern because of its consequences for mortality (Flegal et al., 2005) , to the extent that it has been argued that it might reverse gains in life expectancy (Olshansky et al., 2005) . 7 4 The SNHS-2003, for instance, follows a stratified multi-stage sampling procedure in which the primary strata are the Autonomous Communities and the sub-strata are then defined according to population size in particular areas. Within the sub-strata, municipalities and sections (primary and secondary sampling units respectively) are selected using a proportional random sampling scheme. Finally, individuals are randomly selected from the sections. The Italian National Survey on Daily Life follows a two-stage sampling procedure, with municipalities as the primary sampling units and households as the secondary sampling units. Municipalities are stratified by population size. Municipalities with populations above a certain threshold are always included, whereas the smaller ones are selected at random. 5 We exclude the elderly population from the sample to reduce composition bias arising from higher mortality among the more obese. Moreover this selection helps in avoiding the well-known problem of misreporting weight and height at old ages. The bias introduced in the sample when dropping missing values on weight and/or height to calculate the BMI indicator is negligible for Spain (1.8% of total observations) and non-existent for Italy. 6 Unfortunately, the BMI does not take into consideration body composition (adiposity vs. lean weight) or body fat distribution. This means it may fail to predict obesity among very muscular individuals and older people. 7 However, our empirical analysis does not study obesity class 3, given its low rate of prevalence in both countries.
Methods

a) The Non-linear Decomposition
Our aim here is to compute differences in the prevalence rates of overweight and obesity between the two countries by subpopulation groups and, then, to decompose these differentials into their separate underlying factors. To do this, rather than apply the traditional Blinder-Oaxaca (Blinder, 1973; Oaxaca, 1973) decomposition method to determine differences in measurable characteristics on a continuous variable, we employed Fairlie's (1999 Fairlie's ( , 2005 decomposition technique, as it is particularly suited to calculating gaps for binary variables, as is the case of our prevalence rates. The procedure computes the difference in the probability of an outcome between two groups and quantifies the contribution of group differences (e.g. black/white; male/female; north/south) in the independent variables to the outcome differential.
Following Fairlie (1999) , the decomposition for a non-linear equation of the type P (y 1) F(x ) β = = can be expressed as,
where j y is the average probability of a specific obesity class in country j (j=S,I for Spain and Italy, respectively), j x is the set of average values of the independent variables in country j, ˆj β is the coefficient estimates for country j, F is the cumulative distribution function from a standard normal or a logistic distribution and j N refers to the sample size in each country.
The first term in brackets shows the part of the cross-country difference that is due to group differences in the distribution of characteristics of the independent variables, also known as 'the explained part', whereas the second term represents the portion of the cross-country difference due to differences in coefficients or 'returns' to the exogenous covariates but it also captures differences in immeasurable or unobserved endowments. Similarly, the non-linear decomposition can be written as,
where in this case the estimated coefficients for Italy, ˆI β , are used as weights to calculate the first term of the decomposition, and the Spanish distribution of average characteristics is employed as weights for the second term. Since the decompositions of equations (3) and (4) provide different estimates, to avoid this familiar index problem in our calculations we used the coefficient estimates ( * β ) from a pooled sample over all cases to weight the explained part of the decomposition (Oaxaca and Ransom, 1994) .
According to Fairlie (2005) , while equations (3) and (4) provide an estimate of the contribution of the explained and unexplained part to the total difference, the calculation of the separate contributions of the individual independent variables (or groups of covariates) is not direct. If one assumes that S I N N = and * β is the probit coefficient estimates for a pooled sample, the individual contribution of regressor k x to the cross-country obesity difference can be expressed as,
which means that the contribution of a particular variable to the gap is calculated by holding constant the contribution of the other variables. 8 Notice that the computation of equation (5) involves a one-to-one matching of cases between the two groups (countries) and as they typically differ in size (in our case
, then a large number of random sub-samples from the larger group are drawn. Each of these random sub-samples of the Spanish sample is then matched to the Italian sample and finally separate decomposition estimates are calculated. The mean value of estimates from the separate decompositions is calculated and employed to derive the results for the entire Spanish sample. b) The Regressors Consistent with conventional evidence on the determinants of body weight and obesity, Table  1 presents the set of exogenous covariates employed in our econometric specifications for each country: i) the age and age square of each respondent at the date of the interview; ii) marital status by using a dummy indicating whether the individual was married or not; iii) we used three categories for educational level and one dummy variable measuring whether the individual was currently working; iv) a further dummy measured whether individuals owned private medical insurance; v) another dummy measured whether employed individuals needed to exert any physical activity in their work; vi) to capture lifestyle characteristics, we considered nine dummies for smoking habits, if respondents eat breakfast habitually and the frequency of consumption of certain foods (i.e. fish, meat and vegetables); and vii) proxying peer effects by using environmental BMI characteristics. Peer effects are measured by assuming a pure endogenous effect (Case and Katz 1991) which is not an unreasonable assumption if the research aims to examine broadly defined peer effects. We interpret peer effects widely so as to include prevailing social norms, namely people gaining utility by not deviating from the 'average' group member behaviour (Akerlof, 1997) . That is, peer effects are defined as an average regional BMI level for a reference group (defined in terms of gender, age group and level of education) so that there is no bias resulting from endogenous sorting. The downside is that we cannot distinguish contextual from endogenous effects. However, this represents a persistent issue in the literature examining peer effects (Manski, 2000) . The reported means refer to each country's sub-sample of adults aged 18-65 (Italy N=14,515; Spain N=15,125) and are computed using sampling weights. * 'Hard work' is work that implies considerable physical exertion. ** The reference group is defined in terms of gender, age group and education level. 
Results
Descriptive evidence
In Figure 2 we present the age distribution of the prevalence of self-reported overweight and obesity (classes 1 and 2) by gender and adults aged 18-65 in the two countries. According to this evidence, rates of overweight and obesity prevalence tend to increase as the individuals age for both genders in the two countries, although this pattern is much more pronounced in the case of Spain. Rates of prevalence in Italy always lay well below the levels reached in Spain with a cross-country gap that remained largely constant for males, but which in the case of females widened principally at older ages. Paradoxically, obesity among Spanish females seems to exhibit a rate of prevalence that is double that of Spanish males and, interestingly, both Italian males and females. Therefore, we can conclude that there are major gender/age differences that require further examination.
According to the data in Table 1 , average class 1 obesity prevalence in Italy for individuals aged 18-65 years old (7.6%) is well below that for similarly aged individuals in Spain (11.8%) -4.2 percentage points (36%). The difference is not so great in absolute terms for class 2 obesity prevalence, but in relative terms is more than 50% lower. However, as for overweight individuals, the relative difference is much lower. Hence, Italy differs markedly from Spain, with fewer overweight and obese women throughout the entire life-cycle. Our data therefore suggest the existence of a life-cycle pattern in the generation of overweight and obesity by gender which might well be due to the interplay of a set of determinants that differs between the two populations. Table 1 also offers comparative information regarding the determinants of obesity. For instance, our sample highlights interesting differences for self-reported eating habits between two countries subject to similar general dietary patterns. While 10% of the Spanish population declares that they consume fish less than once a week or not at all, this proportion rises to more than 40% among the Italian population. In the case of meat, only about 4% of Italians eat meat on a daily or on more than a daily basis, while 19% of Spanish people declare a similar frequency of consumption. Likewise, while 41% (54%) of Italians declare a low consumption rate of eggs (legumes) of less than once a week or never, a modest 13% (14%) of Spanish subjects report this frequency of consumption, respectively. Interestingly, both counties show very high and moderate levels of declared daily consumption of fruits and vegetables, respectively. 10 In terms of age, the Spanish sample is on average two years younger (39.6 vs. 41.7) owing to a larger share of individuals younger than 30 years of age. Interestingly, Spain has a more highly educated population (18.4% vs. 10.4%), but at the same time more people with low levels of educational attainment (34.5% vs. 15.8%). Employed status appears to be similar in both countries, as does the proportion of people with jobs that require considerable physical exertion. In the case of other lifestyle factors, Spain has a larger share of smokers (36.8%) than Italy (30.3%) while there is a larger number of those who have given up smoking in Italy (21% vs. 16.4%). Strikingly, our sample also shows a remarkably higher proportion of Italians that report drinking wine on a daily basis (29% vs. 11.6%). Finally, as for sector specific employment, we find that percentages are quite similar. One of the advantages of using data from Italy and Spain lies in its regional heterogeneity. Given that our database is representative at the regional level, we were able to draw upon regional-specific differences to construct our peer effect variable, namely median BMI of the reference group defined by gender and age at the regional level.
To explore the determinants of obesity in each country, we ran two sets of probit regression models for the probability of being overweight (or pre-obese), obese and severely obese, comprising the full set of explanatory variables described in Table 1 . Tables A1-2 in the appendix report the marginal effects of each determinant on the probability of each condition by gender in Italy and Spain, respectively. All models exhibited reasonable goodness of fit (pseudo-R 2 ranging from 7 to 14% for females and from 4 to 10% for males) given the crosssectional nature of the data. The marginal effects exhibited the expected signs when estimated with acceptable precision. We found a statistically significant non-linear effect of age on the prevalence of overweight, and the same pattern was found for obesity class 1 (except for Italian men) and obesity class 2 (except for women). That is, in general overweight and obesity increase as people age until a peak is reached and then they decline. In comparative terms, it is worth noting that this age effect is stronger in the case of Spain for each obesity class and for both genders. Moreover, our results support the finding that the age impact declines in both countries as the severity of obesity increases.
Education is another important determinant of overweight and obesity. Having a university education reduces the probability of class 1 obesity in both countries and for both genders and this effect is comparatively higher in the case of Spanish women. Interestingly, education does not have a statistically significant impact on the prevalence of severe obesity in either country for men, while having a university degree reduces this condition only for Spanish women. It is also worth noting that being employed has a negative impact on the probability of class 1 and class 2 obesity among Italian women and class 2 obesity among both Italian and Spanish men. In the case of lifestyles, our findings indicate that being an active smoker reduces the probability of being overweight (with the exception of Italian men), but does not influence the chances of being obese in either Italy or in Spain. However, having smoked in the past increases the likelihood of class 1 and class 2 obesity among Italian women and class 1 obesity among Spanish men. Strikingly, dietary habits show that those that never eat fish in Spain are more likely to suffer from class 1 obesity (females) or class 2 obesity (males). Consuming no fruit is found to have a positive influence on the occurrence of class 1 and 2 obesity among the female population in Spain. 
Decomposition of cross-country obesity gaps: general population
Having identified the determinants of being overweight and obesity in each country, we next examine cross-country differences in the prevalence of overweight (pre-obesity) and obesity type by gender in Table 2 . Overweight and obesity differences that are statistically significant at 5% are larger among females than they are among males irrespective of the condition considered. This evidence suggests that differences in the characteristics of Italian women with respect to their Spanish counterparts are likely to be important in understanding this cross-country gap in overweight and obesity prevalence. Note: (*) Unweighted overweight and obesity prevalence rates. To perform the decomposition an (unweighted) probit regression model on a pooled sample was run to derive the β coefficients (not shown). Contribution estimates are the mean values of the decomposition using 100 sub-samples of Spanish. The order of the variables in each replication has been randomised. Coefficients statistically significant at 5% (10%) are in bold (italic) typeface. Table 2 shows Fairlie's decomposition of the cross-country gaps in overweight and the two obesity classes. We conducted the decomposition by gender, alternatively excluding and including the control for peer effects. The set of determinants we inserted in the model are able to explain, depending on the obesity type considered, between 34 and 51% of the overall cross-country gaps (i.e. the 'explained part' or due to differences in the distribution of characteristics) when no peer effect was included. However, these determinants explain between 65 and 83% of gaps when the peer effect is controlled for. When no peer effect is included, country differences in eating behaviour explain 38 and 26% of the cross-country gaps in overweight among men and women respectively, while education explains 20% of the cross-country overweight gaps among women but not among men. Interestingly, whilst the contribution of education increases to 21-26% for the obesity class 1 gap and the effect of eating habits stays at 16%, about 40% of cross-country gaps in obesity class 2 among men are explained by eating habits and 24% among women, although in the case of the latter group education explains as much as 28% of the class 2 obesity gaps. Overall, our results indicate that there are significant lifestyle factors contributing to make Spanish people more obese than their Italian counterparts. This result is consistent with, for instance, Cutler et al. (2003) and Bleich et al. (2007) suggesting that an excess of caloric intake might be the factor responsible for the rise of obesity. However, when peer effects were included in the model, we found that they alone explain between 46 and 76% of total cross-country variability and that they override the effect of other covariates.
Decomposition of cross-country class 1 obesity gaps by age groups and gender
Figure 2 not only shows markedly different patterns between men and women, but also quite distinct age-specific effects in the case of obesity. Therefore, in this section we concentrate our analysis on the decomposition of cross-country differences in class 1 obesity by age groups and gender. Results indicate that cross-country class 1 obesity gaps between Spanish and Italian men lie in the range of 3-4% for the youngest and oldest age groups and rise to 5.4% for those in the middle cohort (36-50 year olds) (Table 3) . However, among women these differences are much greater and increase progressively with age, reaching 8 percentage points in the 51-65 age group.
On examining the contributing factors, we found that the explained part of the cross-country gap for men varies significantly from one age group to another: from as much as 51% for younger adults to just 15% for the older adults. However, when peer effects were introduced we found that the differences in the distribution of characteristics (independent variables) explain between 70-84% of the cross-country gap in class 1 obesity (Table 3) . A similar pattern was found for women: the explained part of the total gap ranges from 35-49% without peer effects and from 70-100% when these effects are included (Table 4) .
Moreover, Table 3 reveals that for men, at early ages, cross-country differences in class 1 obesity are mainly explained by eating behaviour; in middle adulthood both eating behaviour and education play a role, while in later adulthood gaps are explained by education alone. A different pattern was found for women: in early adulthood 26% of the class 1 obesity gap can be explained by education while eating habits explain just 16%, education alone explains 38% in middle adulthood, and both education and eating habits explain 22-24% of the gap in latter adulthood. Here again, the introduction of peer effects overrides education and eating habits in explaining gaps in obesity rates. model on a pooled sample was run to derive the β coefficients (not shown). Contribution estimates are the mean values of the decomposition using 100 sub-samples of Spanish. The order of the variables in each replication has been randomised. Coefficients statistically significant at 5% (10%) are in bold (italic) typeface. model on a pooled sample was run to derive the β coefficients (not shown). Contribution estimates are the mean values of the decomposition using 100 sub-samples of Spanish. The order of the variables in each replication has been randomised. Coefficients statistically significant at 5% (10%) are in bold (italic) typeface.
Discussion
This paper has attempted to address a puzzling and empirically innovative question as to what lies behind cross-country differences in overweight and obesity prevalence rates. It has also attempted to clarify the role played by education, lifestyles and environmental factors, namely peer effects. In seeking to answer this question we have undertaken an empirical study of two countries, Italy and Spain. Both countries reported similar rates of obesity in 1990, but by 2003 there was a difference of five percentage points in their respective prevalence rates. After identifying the key theoretical determinants of the health production function observable in our data, we performed a non-linear decomposition of the cross-country overweight and obesity (class 1 and class 2) differences, with and without accounting for peer effects. Accounting for peer effects is justified on the understanding that cross-country differences should shed some light on the factors underpinning the obesity epidemic insofar as they are not driven by random processes. Comparing Italy and Spain is a particularly useful exercise as both countries share similar characteristics (i.e. the Mediterranean diet) and enjoy similar levels of technology and socio-economic development. However, these countries are subject to significantly different social norms and values regarding body shape and, accordingly, their behaviour towards food differs (Eurobarometer, 2005) .
Both descriptive analyses and statistical inferences based on multivariate methods suggest that certain health production factors, including lifestyles, employment and education, are likely to influence overweight and obesity in each country. Our key findings suggest that cross-country differences in overweight and obesity can be largely explained by differences in eating habits and education, although we identified different behavioural patterns between men and women. However, when controlling for socio-environmental factors, peer effects override such covariate effects, regardless of gender, and explain between 46% and 76% of total differences, a pattern that increases with age.
While this study supports previous research highlighting the importance of socioenvironmental effects on obesity rates, we find that the impact of societal norms (in the form of average BMI within the population in which an individual lives) is a key determinant of obesity levels. This finding does not suggest that socio-environmental effects no longer play a role, but that their influence may be captured through the variable used to proxy peer effects.
Age-specific effects are interesting and indicate that obesity rates reach their height at age 55-65, irrespective of the country and gender under review. But the effect of age on prevalence among Spanish females is twice that of Spanish males and Italians of both genders. The main driver of this difference appears to be related to lifestyle and education, especially at older ages. One explanation of these effects might lie in the different impact of the social values attached to keeping in good shape and being fit in the two countries, and the consequent effect this has on lifestyles. Other explanations might include the growing consumption of processed foods as people struggle to find time to prepare their own meals, as well as a rising dependence on comfort foods. All in all, these results imply that preventive policies have a key role to play in improving lifestyles in those countries that exhibit marked increases in obesity rates. And yet obesity prevention also needs to influence environmental sources of social health learning and more, specifically, the role of social norms, which we have shown as being country specific. 
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